a set of 18 sub-near-isogenic tomato lines (subNILs) containing chromosome 9 introgressions from S. habrochaites to investigate the genetic basis of tolerance to rapid-onset water stress imposed by root chilling. In the present study, this same set of 18 sub-NILs was subjected to slow-onset water stress imposed by deficit irrigation in field experiments conducted for 2 yr. Trait data were analyzed with principal component analysis, ANOVA, and MANOVA to investigate the underlying relationships among proxy traits for water-use efficiency (WUE) including carbon isotope discrimination (D 13 C) and specific leaf area (SLA) with horticultural traits including maturity and yield. The majority of total phenotypic variation among the subNILs was accounted for by D 13 C and SLA, with minor contribution from the horticultural traits. While many trait QTL were coincident or overlapping, our analyses suggest that the genes controlling QTL for D 13 C and SLA in this chromosome 9 region are distinct from each other and also from genes controlling maturity and yield. This introgressed region contains potentially valuable wild alleles for breeding cultivated tomatoes with improved WUE while selecting for yield maintenance.
Cultivated tomato (Solanum lycopersicum L.) is an economically important vegetable crop in the United States and worldwide. World-wide, tomato was the seventh most valuable commodity crop in 2013, with a gross production value of over $60 billion (FAOSTAT, 2014) . In the United States, tomato had a combined value for fresh and processing tomatoes of ~$2.5 billion in 2014. California is a major tomato producer, accounting for 65% of total US production value (USDA-NASS 2015) . California tomato production occurs predominantly in the arid Central Valley, which is dependent on irrigation water during the hot (summer average above 32°C), generally rainless summers (http://atm. ucdavis.edu/weather/uc-davis-weather-climate-station/). Optimum growth conditions for tomato include full sun, moderate temperatures (18-30°C), and adequate water supply (Atherton and Rudich, 1986; Gould, 1992) . Increased irradiance or daily temperatures can increase carbon assimilation rates, leading to increased growth and/or faster maturity. Temperatures above 35°C during pollination cause flower abortion by blocking pollen germination and pollen tube growth, and therefore fertilization, leading to yield decreases (Atherton and Rudich, 1986; Gould, 1992) . Water deficits in tomato compromise fruit yield and quality (Kuşçu et al., 2014; Mitchell et al., 1991; Patanè and Cosentino, 2010) .
One way to address limited water availability is to increase crop water use efficiency (WUE). Water use efficiency is defined as the ratio of carbon assimilation (i.e., biomass accumulation) to evapotranspiration rate and it determines plant growth habits in water-limiting environments (Comstock et al., 2005; Vadez et al., 2014; Xu et al., 2008) . For crops such as tomato where the marketable product is a fleshy fruit, fruit biomass versus total plant biomass needs to be considered to avoid selecting for larger plants with little fruit load (Vadez et al., 2014 ). Transpiration efficiency, the level of instantaneous CO 2 assimilation compared to transpiration (also known as intrinsic WUE), is time-and labor-intensive to measure on large numbers of plants in the field and it also fluctuates with normal environmental variation. Therefore, proxy traits for WUE, such as carbon isotope discrimination (D 13 C), specific leaf area (SLA), and biomass accumulation, provide more integrative long-term WUE trends and are straightforward to measure (Chen et al., 2013; Comstock et al., 2005; Vadez et al., 2014) . A lower D 13 C value is associated with higher WUE, and a higher SLA value indicates higher WUE (Deines et al., 2011; Farquhar et al., 1982; Vadez et al., 2014) .
Cultivated tomato exhibits limited genetic diversity because of genetic bottlenecks that occurred during domestication and subsequent breeding (Bergougnoux, 2014; Rick, 1976 Rick, , 1983 Rick, , 1988 . In contrast, wild tomato species are genetically diverse and exhibit a range of tolerances to one or more abiotic stresses, including both slow-and rapid-onset water stresses. Wild species, including S. habrochaites, have been reported to exhibit increased WUE (as measured directly or via proxy traits) when compared to cultivated tomato (Comstock et al., 2005; Easlon et al., 2014) . All wild tomato species including S. habrochaites, when used as the pollen donor, are cross-compatible with cultivated tomato, enabling sexual gene transfer between species and facilitating breeding improvement of cultivated tomato (Rick, 1983; Spooner et al., 2005) .
Rhizosphere temperatures above 0° but below 12°C decrease the hydraulic conductance through plant roots, and thereby impose rapid-onset water stress. In response to this stress, S. habrochaites rapidly closes its stomata, preventing loss of shoot turgor, whereas S. lycopersicum fails to close its stomata rapidly and so its shoots wilt (Aroca et al., 2001; Bloom et al., 2004; Truco et al., 2000) . The genetic basis of this response was investigated in an interspecific (S. lycopersicum × S. habrochaites accession LA1778) backcross population by Truco et al. (2000) . LA1778 is a high-altitude S. habrochaites accession, collected in the Peruvian Andes at an elevation of 3200 m, and exhibits tolerance to rhizosphere chilling (Truco et al., 2000; Bloom et al., 2004) . Quantitative trait loci (QTL) for shoot turgor maintenance under root chilling were identified on chromosomes 5, 6, and 9, with the QTL of largest effect on chromosome 9 (Truco et al., 2000) . The latter QTL was designated stm9 for 'shoot turgor maintenance chromosome 9' and was fine-mapped to a 2.7-cM region by Goodstal et al. (2005) . Subsequently, stm9 was high-resolution mapped to a 0.32-cM region on chromosome 9 by Arms et al. (2015) .
The gene pathways involved in plant responses to stress have been shown to overlap (Walley and Dehesh, 2010) . In a recent study, we tested whether tolerance to rapid-onset water stress under root chilling controlled by QTL stm9 also confers tolerance to slow-onset water stress imposed by deficit irrigation in the field. We tested the same set of 18 sub-near-isogenic lines (sub-NILs) containing chromosome 9 introgressions from S. habrochaites used by Arms et al. (2015) in our field experiments under deficit irrigation in 2012 and 2013. We evaluated primary traits that are, or may be, associated with plant response to water stress, including D 13 C, SLA, and several maturity and yield-related traits. We mapped 19 QTL for eight traits on chromosome 9, and the majority of field trait QTL localized to the proximal (centromeric) end of the introgressed region (Lounsbery et al., 2016) . Most field trait QTL appeared coincident, yet none colocalized with QTL stm9. This suggested that the gene(s) controlling shoot turgor maintenance under root chilling are linked to, but are distinct from, the genes controlling water stress tolerance-related traits in the field.
The relationships among quantitatively inherited traits and the genes controlling them are often complex, and so coincident QTL detected at lower mapping resolution are not necessarily coincident upon higherresolution mapping (Mackay et al., 2009; Alonso-Blanco and Méndez-Vigo, 2014) . Field trait QTL identified as coincident in our field study (Lounsbery et al., 2016) suggest that the genes controlling these primary traits are located within a relatively defined region of chromosome 9, but this does not necessitate an underlying relationship for the regulation of these genes. The goal of our present study was to obtain a more in-depth understanding of the genetic interactions among these traits. We investigated the genetic relationships among the primary traits using principal component analysis (PCA), ANOVA, and multivariate analysis of variance (MANOVA) and performed QTL mapping of principal component factors to determine their linkage relationships with primary trait QTL on chromosome 9.
MATERIALS AND METHODS

Genetic Materials, Experimental Design, and Procedures
Eighteen sub-NILs (designated C1-C18) containing homozygous chromosome 9 introgressions from water-stress tolerant S. habrochaites accession LA1778 in an otherwise S. lycopersicum cultivar T5 background (as described in Arms et al., 2015) were used in our field experiments (Fig. 1) . The introgressions span a 1.28-cM region on the short arm of chromosome 9. Graphical genotypes for each sub-NIL are displayed in Fig. 1 . Four controls were included: two NILs with larger introgressed chromosome 9 regions (09GH0175 and 03GH1322, designated C19 and C22, respectively), a NIL lacking these introgressions (09GH0163, designated C20), and cultivar T5 (designated C21), the recurrent parent of the NILs and sub-NILs. The four control lines are described in more detail in Easlon et al. (2014) .
Replicated split-plot experiments with the sub-NILs and controls (genotypes C1-C22) were conducted in 2012 and 2013 at the Univ. of California, Davis (UC Davis) Plant Sciences Field Research Facility. Davis is located in the Central Valley, a major production area for tomato that typically has warm to hot, dry summers with little to no rain from May through September, which allows for precise control of applied irrigation. Two field locations were used in 2012 (designated Location 1 and Location 2), and one location in 2013 (Location 3). The locations differed in cropping history, soil type, microclimate and were located in different sections of the UC Davis facility. Three repetitions Fig. 1 . Graphical genotypes and means separations for principal components from the PCA. For each sub-near-isogenic tomato line (genotypes C1-C18) used in this study, graphical genotypes and least squares means separation for PC1 to PC4 are shown. A linkage map for the introgressed S. habrochaites region on chromosome 9 is given. Markers used by Arms et al. (2015) are indicated, with marker locations (in cM) provided. For graphical genotypes, homozygous S. habrochaites regions are solid grey, recombination breakpoint regions are cross-hatched, and homozygous S. lycopersicum regions are white.
of a complete split plot design were conducted at Locations 1 and 2 (with three blocks per repetition) and at Location 3 (with four blocks). Water treatments were main plots and genotypes were the subplots, with five plants per subplot. Each repetition was blocked according to the irrigation water pressure gradient, starting at the water source. Water treatments were randomized within each repetition, and genotypes (C1-C22) were randomized within each main plot per block combination within each repetition. Rows were spaced 2.03 m apart, and plants within plots were spaced 0.3 m apart with 1.22 m alleys between plots. Border rows and plots of T5 surrounded each experiment at each location to minimize edge effects. Double border rows of T5 were placed between water treatment main plots to physically separate soil moisture profiles. Plants of genotypes C1 to C22 were grown in flats in a greenhouse for 5 wk then transplanted to the field. After transplanting, all plots were established via sprinkler irrigation for 2 wk before initialization of drip irrigation water treatments. Plants were managed according to standard practices for tomato, and weeds were controlled by application of pre-plant herbicide at recommended rates followed by hand-hoeing for the remainder of the growing season. Two drip irrigation treatments (applied when ~75% of plants were flowering and continued for the remainder of the season) included a full water treatment (100% ET C ; that is, 100% of crop evapotranspiration for tomato) and a reduced or low water treatment (33% ETc) (Allen et al., 1998) . We determined the water treatments used in this study based on our preliminary field experiments in 2011, which showed significant differences among genotypes C1 to C22 for yield, plant dry weight, and maturity traits between full (100%) and reduced (33%) ETc treatments (Arms and St. Clair, unpublished data, 2011) .
All plants were watered three times a week at a level specified by the treatment. Reference ET data (ETo) from a weather station at the California Irrigation Management Information System (http://www.cimis.water.ca.gov/), located adjacent to the UC Davis facility, were used to calculate ETc for tomato (Allen et al., 1998) . Soil moisture probes (Watermark 200SS, IRROMETER Inc., Riverside, CA) were installed at depths of 0.3 and 0.6 m in the T5 control plots in the second block of each combination of water treatment and repetition for Locations 1, 2, and 3 to monitor soil moisture effects of the water treatments.
Evaluation of Phenotypic Traits
Primary trait data were obtained on a per-plot basis for each subplot of five plants. Traits included: D 13 C and SLA, as proxy traits for WUE; days after planting to first green fruit (DAPG) and days after planting to first ripe fruit (DAPR), to assess plant maturity; and shoot dry weight (SDW), ripe fruit yield (RYLD), and total fruit yield (TYLD), to assess differences in plant biomass (Table 1) .
Maturity-related traits DAPG and DAPR were evaluated on a per-plot basis 3 d per week at the onset of flowering. A plot was considered to have green fruit when the majority of plants within that plot had at least one green fruit with a minimum diameter of 1 cm. A plot was considered to have ripe fruit when the majority of plants within that plot had at least one red fruit. Destructive harvest was performed at the end of the growing season to obtain fruit yield and shoot dry weight (i.e., biomass) for each subplot. We used a selection of T5 that is indeterminant, a trait characterized by continuous growth, flowering, and fruit development until freezing temperatures cause plant death, therefore, destructive harvest was conducted in early fall to maximize ripe fruit set while minimizing fruit loss due to over-ripening and frost. At harvest, two representative plants from each subplot were cut at the soil line and stripped of all fruit. Fruit was sorted into three classes based on the degree of ripeness (green, breaker, and red ripe) and then weighed (kg) to obtain ripe fruit yield (RYLD) and total fruit yield (TYLD). Shoots and leaves were placed in a mesh onion sack and dried in forced air dryers at 60°C until a constant weight was reached to obtain SDW.
Specific leaf area was obtained on a per-plot basis when control plots had ripe fruit evident. Five fully-expanded leaflets per subplot were collected from mid-canopy height, put in a paper bag, and placed on ice. The leaflets were scanned on a flatbed scanner and the images were analyzed for surface area with ImageJ (Rasband, 1997) . Leaf samples that were partly curled and would not lay flat on the scanner were digitally 'unfolded' before analysis to obtain accurate measurements of leaf area; 'unfolding' was done by digitally copying and pasting overlapping parts of the leaflets into a new image file to account for previously hidden leaf area. After analysis with ImageJ, leaflets from each subplot were dried in an oven to a constant weight at 60°C and weighed (g) and SLA was calculated for each subplot as leaf area divided by leaf dry weight.
Measures of D 13 C were obtained by subplot using leaves collected 1 wk before destructive harvest. Fifteen fully-expanded leaflets were collected from mid-height in the plant canopy within each subplot and dried to a constant weight at 60°C. Leaflets were then ground to a fine powder and a 1-to 2-mg sample was enclosed in a foil capsule. Samples were analyzed at the UC Davis Stable Isotope Facility (http://stableisotopefacility. ucdavis.edu/) with a continuous-flow isotope ratio mass spectrometer with the Pee Dee belemnite standard as the reference material. Carbon isotope ratio (d 13 C) was calculated as: brief, a dummy variable was assigned to each location (loc1-loc3), and then the dummy variable for loc1 and loc2 were specified in the 'partial' command within PROC CORR to control for variation across the three locations. All correlations are reported, but our interpretation was focused on values of r exceeding ±0.4 that were significant (P ≤ 0.05). Mulitvariate analysis of variance (MANOVA) using the Wilks' l statistic were performed using the raw data for sub-NILs C1 to C18 on a per-plot basis for the set of seven primary traits with the MANOVA statement of PROC GLM in SAS. Characteristic roots (eigenvalues), percent variation, and the contribution of each of the seven primary traits to each root were obtained for Location, Water, Water ´ Location, Genotype, Genotype ´ Location, Genotype ´ Water, and Genotype ´ Water ´ Location using the following model:
In the MANOVA, Traits refer to the full set of seven primary traits, and the model sources of variation are as described above for the ANOVA models. Rep(Loc), Block(Loc), Rep ´ Block(Loc), Water ´ Rep(Loc), and Water ´ Block ´ Rep(Loc) were included as random effects. Due to the use of the splitplot design, the following analyses were performed using the MANOVA statement to specify the appropriate error terms for higher-order sources of variation. The analysis of Location specified Rep ´ Block(Loc) as the error term, analyses for Water and Water ´ Location each used Rep ´ Block ´ Water(Loc) as the error term, and Genotype, Genotype ´ Water, and Genotype ´ Water ´ Location each used the residual error (i.e., no error term was specified). Wilks' l was considered significant when P ≤ 0.05 (i.e., residual difference between experimental levels for a specified test were not accounted for in the model).
The Genotype ´ Location interaction was significant in the full MANOVA, thus Genotype was analyzed for each location separately using the following model: Traits = Rep + Block + Rep´Block + Water + Water´Rep + Genotype + Genotype´Water with Block, Rep, Rep ´ Block, and Water ´ Rep specified in the Random statement. Despite a significant Water ´ Location interaction in the full MANOVA, water treatment could not be analyzed by location due to insufficient degrees of freedom.
Quantitative Trait Loci Mapping of Principal Components
A linkage map for the S. habrochaites introgressed chromosome 9 region was constructed with JoinMap 4.0 (Van Ooijen, 2006) using DNA marker genotype data from 2862 individuals, as described in Arms et al. (2015) . The Kosambi function with a 4-LOD significance threshold was used to construct the map, and the resulting marker grouping for chromosome 9 was maintained at LOD 10.
Windows QTL Cartographer 2.5 (Wang et al., 2012 ) was used to analyze the sub-NIL (C1-C18) data for each principal component (PC1-PC4) as a trait. The QTL where R sample and R reference are the ratios of 13 C/ 12 C measured in the plant material and the reference material, respectively. Then, D
13 C values were calculated according to Farquhar et al. (1982) as:
where d 13 C a and d 13 C P refer to the C isotope ratios of atmospheric CO 2 and the plant sample, respectively. The values for d 13 C a were obtained from the National Oceanic and Atmosphere Administration Earth System Research Laboratory (www.esrl.noaa.gov/gmd/dv/data; White and Vaughn, 2015) . These reference values were averaged over the growing season to obtain values of −8.46‰ in Location 1 and 2, and −8.29‰ in Location 3.
Statistical Analysis
Principal component analysis (PCA) was conducted on raw trait data for sub-NILs C1 to C18 on a per-plot basis with PROC FACTOR in SAS v.9.3 (SAS Institute, 2011). Input variables were the seven primary traits (D 13 C, SLA, DAPG, DAPR, SDW, RYLD, and TYLD) and the Prin method was used with the Varimax rotation. The Varimax rotation is commonly used to facilitate interpretation of a PCA analysis by realigning the coordinate system to maximize the variance exhibited by each individual and to simplify interpretation. Four principal components (designated PC1-PC4) were retained. Values for PC1 to PC4 were derived for each experimental subplot and analyzed via analysis of variance (ANOVA) with PROC MIXED in SAS according to the following model:
Principal component = Loc + Water + Water´Loc + Genotype + Genotype´Loc + Genotype´Water + Genotype´Water´Loc where Block(Loc), Rep(Loc), Block ´ Rep(Loc), Loc ´ Block ´ Rep ´ Water were specified as random effects. In this model, Loc refers to the location (Locations 1-3), Rep refers to repetitions of the split-plot experiment within each location, Block refers to subplots within the main plots within a repetition, Water refers to main-plot water treatments, and Genotype refers to sub-NILs (C1-C18). Parentheses indicate a nested variable, and ´ indicates an interaction between effects. For PC2 and PC3, the interaction Genotype ´ Location was significant, so both PC2 and PC3 were analyzed by location using the following model:
Principal component = Water + Genotype + Genotype´Water where Block, Rep, Block ´ Rep, and Block ´ Rep ´ Water were random effects. Tukey-Kramer means separations were used for PC1 to PC4 (Fig. 1) .
Raw data for sub-NILs (C1-C18) on a per-plot basis for each of the seven primary traits (D 13 C, SLA, DAPG, DAPR, SDW, RYLD, and TYLD) and PC1 to PC4 across all locations were used to obtain Pearson's correlation coefficients (r) using PROC CORR in SAS. Lounsbery et al. (2016) identified significant Genotype ´ Location effects in ANOVAs of all primary traits except for SDW and TYLD. To account for these significant Genotype ´ Location interactions in the Pearson's correlations, partial correlations by location were produced. In for each principal component were mapped using composite interval mapping Model 6 (standard model) with the forward and reverse regression function with a walk speed of 0.5 cM and a window size of 0.5 cM. Permuted LOD thresholds (P = 0.05) were obtained for each principal component after 1000 permutations. A specific QTL was considered significant when the peak LOD value exceeded the permuted threshold for that principal component. Multiple QTL were declared for a single principal component when the LOD values between significant peaks decreased below the threshold for at least two contiguous markers. Coincidence of QTL was determined by visual inspection of the degree of overlap of 1-LOD and 2-LOD support intervals. A linkage map showing locations of significant QTL was constructed using MapChart 2.1 (Voorrips, 2002) . QTL locations were indicated as 1-LOD bars and 2-LOD whiskers (Fig. 2) . QTL were named using the trait codes listed in Table 1 .
RESULTS
MANOVA Analysis of Seven Primary Traits
MANOVAs were conducted for sources of variation Location, Water, Water ´ Location, Genotype, Genotype ´ Location, Genotype ´ Water, and Genotype ´ Water ´ Location using the Wilks' l test statistic. All tests were highly significant (P ≤ 0.001) in the full MANOVAs, except for Genotype ´ Water and Genotype ´ Water ´ Location interactions, which were nonsignificant. Because of a significant Genotype ´ Location interaction, the effect of genotype was further analyzed by location (Table 2) . In all analyses involving the factor Genotype (including interactions with other sources of variation), phenotypic variance was distributed across all seven possible characteristic roots (eigenvectors). When examining the characteristic roots of a MANOVA, the largest eigenvector value is the dependent variable on which the most variance for that root is placed (Anderson, 2003) . In the full MANOVA, the primary root accounted for between 32.4% of the variance (Genotype ´ Location) and 77.0% (Genotype across all locations) of the variance associated with Genotype or a Genotype interaction (Supplemental Table S1 ). Across locations, the primary root accounted for between 53.4% (for Location 3), and 69.9% (for Location 2) of variance associated with Genotype (Supplemental Table S1 ). Water treatment was highly significant (P ≤ 0.001), and returned only a single characteristic root (Table 2; Supplemental Table S1 ). The primary root was Fig. 2 . Tomato linkage map and quantitative trait loci (QTL) locations for PC1 to PC4 and the seven primary traits. The linkage map of the S. habrochaites introgressed chromosome 9 region is displayed as a vertical line, with the location in cM denoted to the left and marker names to the right. To the right of the linkage map are primary trait QTL (see Lounsbery et al., 2016) included here for convenience. To the left are QTL for PC1 to PC4 as identified in the present work. All QTL are named by trait and location (see Table 1 ). QTL 1-LOD intervals are indicated by bars and 2-LOD intervals by whiskers. LOD peak value and LOD trait-specific threshold are displayed as (Peak/Threshold) under each LOD bar, and the LOD peak location is denoted by black triangles. Allele effects for each primary trait QTL were defined in terms of the S. habrochaites allele: a plus (+) indicates an agriculturally beneficial effect on trait value and a minus (-) indicates a negative effect (see Lounsbery et al., 2016) . QTL bars for PC1 to PC4 are color coded, and the QTL bars for the primary traits contributing to that principal component (see Table 4 ) are grouped together and surrounded by a border of the same color. dominated by D 13 C, which had a twofold greater contribution than the next largest contributing variable, RYLD (Supplemental Table S1 ). Location and the Location ´ Water treatment interaction each returned two characteristic roots, with the primary root accounting for 69.4% (Location), and 88.9% (Location ´ Water) of the associated variance. In almost all cases, D 13 C was the major contributing factor both in the primary root and for subsequent roots. When Genotype was analyzed by location, D 13 C had a negative contribution to the primary root for Genotype at Location 3, whereas for Genotype at Location 1 and for Genotype at Location 2, D 13 C had a positive contribution to the primary root (Supplemental Table S1 ).
Pearson's Correlation Coefficients among Primary Traits
Significant (P ≤ 0.05) Pearson's correlation coefficients (r) among the primary traits were low to moderately high (Table 3 ). The absolute values of significant correlations (P ≤ 0.05) ranged from r = 0.106 (SLA vs. DAPG) to 0.717 (RYLD vs. TYLD). However, most correlations were low, with only a few trait combinations for which r exceeded ±0.4 (DAPG vs. DAPR, r = 0.616; SDW vs. TYLD, r = 0.513; and RYLD vs. TYLD, r = 0.717). Interestingly, no correlations involving D 13 C and SLA exceeded ±0.4, including the comparison between D 13 C and SLA (Table 3 ). Significant correlations between DAPG and DAPR, and between RYLD and TYLD, were expected (between maturity and biomass-related yield traits, respectively). The positive correlation of RYLD with TYLD likely resulted from plants that set more fruit earlier in the season and therefore had more ripe fruit at harvest (Table 3) .
Principal Component Analysis of Primary Traits
Principal component analysis of the seven primary traits resulted in the retention of four principal components (PC1-PC4) that together accounted for 83.6% of the variance (Table 4 ). All four principal components accounted for similar proportions of variance explained by each factor, ranging from 30.0% (PC1) to 12.7% (PC4), just over a twofold difference. Final communality estimates for the primary traits were relatively high, ranging from 0.727 (RYLD) to 0.906 (TYLD), indicating a good fit of the model to observed phenotypic variance in the seven primary traits (Table 4) . Principal component compositions within the Varimax rotation were well-delineated, and PC1 to PC4 were composed of distinct groups of primary traits, with only SDW contributing to more than *** Significant at the 0.001 probability level. † Δ 13 C, carbon isotope discrimination; SLA, specific leaf area; DAPG, days after planting to first green fruit; DAPR, days after planting to first ripe fruit; SDW, shoot dry weight; RYLD, ripe fruit yield; TYLD, total fruit yield. one principal component. Composition of PC1 was predominantly associated with biomass-related traits (SDW, RYLD, and TYLD), PC2 with maturity traits (DAPG and DAPR), PC3 with mostly D 13 C (with a smaller contribution of SDW), and PC4 with SLA.
Contributions by the primary traits to each individual principal component are a measure of the relative weight of a given primary trait in regards to that principal component ( Jolliffe, 2002) . For example, the contribution of TYLD to PC1 was 93, while the contributions to SDW and RYLD were 73 and 66 respectively (Table 4 ). The more similar the values of two factors are, then the less dominant one factor is with respect to the other ( Jolliffe, 2002) . In the case of PC4, SLA had a contribution of 94, while the next largest contribution (from RYLD) was only 39. When examining how the proportion of variance attributed to each principal component is apportioned within the factors contributing to that principal component, ~12.7% of the overall variance between sub-NILs was due to differences in SLA and ~18.3% primarily by D 13 C (as the minor contribution of SDW to PC3 accounts for only a small portion of 18.3%). Considering the Pearson's correlations between PC1 to PC4 and the primary traits, only the correlations between a given principal component and the primary traits from which it was composed equaled or exceeded ±0.4 and were significant (Table 3 ).
In the ANOVA models for PC1 to PC4, the effect of Genotype was highly significant for all four principal components (Table 5) . Water treatment was highly significant for PC1 to PC3, Location was highly significant for PC2 to PC4, and the interaction Genotype ´ Water treatment was significant only for PC3. Due to the highly significant Genotype ´ Location interaction for PC2 and PC3, these two principal components were analyzed separately by Table 4 . Summary of principal components analysis of the primary trait data † of sub-near-isogenic lines (C1-C18) of tomato evaluated in 2012-2013 field experiments. A rotated factor pattern was obtained using the Varimax rotation, and values presented were multiplied by 100 and rounded to the nearest integer. Proportion of variance, variance explained by each factor, and final communality estimates for each primary trait are shown. 1.178 † Abbreviations of traits: Δ 13 C, carbon isotope discrimination; SLA, specific leaf area; DAPG, days after planting to first green fruit; DAPR, days after planting to first ripe fruit; SDW, shoot dry weight; RYLD, ripe fruit yield; TYLD, total fruit yield. ‡ Values ±40 were considered major contributors to the corresponding factor. Table 5 . Summary of ANOVA performed on principal components (PC1-PC4) of the seven primary traits †. ANOVAs of each individual primary trait are given in Lounsbery et al. (2016) . Location refers to one of three field locations, Genotype refers to tomato sub-near-isogenic lines (C1-C18), and Water refers to two water treatments of either full or reduced irrigation. ** Significant at the 0.01 probability level. *** Significant at the 0.001 probability level. † Carbon isotope discrimination (Δ 13 C), specific leaf area, days after planting to green fruit, days after planting to ripe fruit, shoot dry weight, ripe fruit yield; and total fruit yield. ‡ F-values are presented for each analysis by trait and location or combination. An en-dash (-) indicates when a source of variation was not tested in the model. § ns, nonsignificant.
location (Table 5) . For PC2 and PC3, Genotype was highly significant across all locations, while Water was significant across all locations with the exception of PC2 at Location 2. In contrast, the Genotype ´ Water treatment interaction was only significant for PC3 at Location 3. QTL mapping of each principal component (PC1-PC4) resulted in the identification of two QTL regions on chromosome 9 (Fig. 2) . A single QTL for PC1 was detected in marker interval T1670-H358, and a second region containing QTL for all principal components at or near the marker interval H14-T0532. QTL were coincident or overlapping across locations despite the significant Genotype ´ Location interaction for PC2 and PC3. All QTL for PC2 had the same peak marker, H307.
DISCUSSION Phenotypic Variance Affected by Location but not Water Treatment
The significant Genotype ´ Location interactions detected in the MANOVAs and ANOVAs of the principal components presented here, as well as in the ANOVAs for the seven primary traits (reported in Lounsbery et al., 2016) , derived primarily from the environmental effects at a single location (Location 3). Significant Genotype ´ Location interactions may result from differences among experimental locations and/or responses of genotypes. Plant responses to the environment are complex and are affected by the integration of multiple environmentallybased signals with different effects on QTL and the gene networks in which they are involved (Des Marais and Juenger, 2010; Mittler, 2006) . Tolerance to water stress, particularly plant responses to severely reduced irrigation or cut-off, has been associated with variation in traits such as root architecture, regulation of stomatal conductance, and changes in metabolism (Chaves et al., 2003; Des Marais and Juenger, 2010) . Small differences in the local environment among the three locations may explain the significant Genotype ´ Location interaction if the environmental differences caused a differential response in some or all of the sub-NILs. Lounsbery et al. (2016) noted some minor rank changes among genotypes across different locations, consistent with the results presented here, yet the rank changes did not affect the overall conclusions of that study.
While individual ANOVAs are useful for identifying specific sources of variation affecting phenotypic variance, conducting a large number of parallel ANOVAs can result in an inflated false positive rate (Anderson, 2003; Rencher, 2002) . The MANOVA procedure may be used to avoid this problem, as sources of variation that are significant in the ANOVA but not in the MANOVA are likely to be the result of false positives in the ANOVA (Anderson, 2003; Rencher, 2002) . Given the non-significance of the Genotype ´ Water treatment interaction in the MANOVA (Table 2) , the significant Genotype ´ Water treatment interaction in the ANOVA for D 13 C at Location 3 reported by Lounsbery et al. (2016) was likely a false positive. In the ANOVA for PC3, which was composed primarily of D 13 C, the significant Genotype ´ Water treatment interaction at Location 3 may also be a false positive (Table 5) .
Our results indicate that the sub-NILs with favorable phenotypic trait expression in terms of yield and WUEproxy traits under deficit irrigation also exhibited favorable performance under full water. This is a desirable response in breeding lines and cultivars to avoid decreased agricultural performance in years with sufficient irrigation, as well as to maintain yields during years with moderateto-severe water stress conditions (Condon et al., 2004; Mickelbart et al., 2015) . Furthermore, there were no significant correlations between D 13 C and SLA with either maturity or yield-related traits in the sub-NILs, suggesting that simultaneous selection for improved WUE-proxy traits and yield is feasible.
D
13 C and SLA Account for Majority of Variation among Chromosome 9 sub-NILs Our results suggest that the majority of total phenotypic variance for the 18 sub-NILs was associated with the WUE proxy traits D 13 C and SLA, with a minor contribution by the other five primary traits. The PCA and MANOVA analyses revealed complex relationships among the traits and the composition of the total phenotypic variance of the sub-NILs, both of which were not possible to determine with single-trait ANOVAs (reported in Lounsbery et al., 2016) . Additionally, our PCA analysis revealed that D 13 C and SLA were major contributors that separated principal components PC3 and PC4, respectively (Table 4) . Lounsbery et al. (2016) identified QTL for D 13 C at marker intervals T1670-H9 and H14-T0532 and for SLA at marker interval H14-T0532 (Fig. 2) .
In agreement with the PCA analysis, MANOVA results indicated that D 13 C and SLA were major components of the total phenotypic variance exhibited by the sub-NILs, with D 13 C predominant. Lounsbery et al. (2016) identified two QTL for D 13 C in the chromosome 9 marker intervals T1670-H358, and H14-T0532, with the former accounting for 38 to 70% of the phenotypic trait variance depending on location of the field site, and the latter for 22% of phenotypic variance at all locations (Fig. 2) . Together, these two D 13 C-related QTL accounted for between 60 to 92% of phenotypic variance exhibited by the sub-NILs. Despite the major contribution of D 13 C to overall phenotypic variation in our sub-NIL population, genotypes were not differentially affected by the full and low water treatments, as evident by the nonsignificant Genotype ´ Water treatment interaction in the MANOVA (Table 2) . Interestingly, this result suggests that in our population the lines with higher WUE in the low water treatment also exhibit higher WUE in the full water treatment. Our results are consistent with those of Easlon et al. (2014) , who observed that NILs 09GH0175 and 03GH1322 (our introgressed controls C19 and C22, respectively) had higher predawn and midday water potential than cultivated tomato controls in the field, regardless of the level of irrigation applied.
Collectively, our results suggest that D 13 C and SLA are likely controlled by different gene(s) located within this region of chromosome 9. While D 13 C and SLA have both been used as proxy traits for transpiration efficiency, they measure different aspects of plant water stress tolerance: stomatal behavior (D 13 C) versus growth habit (SLA; Farquhar et al., 1982; Vadez et al., 2014) . The distribution of D 13 C and SLA into distinct principal components, as well as the mapping of a QTL for D 13 C that did not overlap with other QTL for D 13 C and SLA, supports the hypothesis that these two traits are not controlled by the same genes (Table 4 ; Fig. 2 ). The low correlation (r = 0.193) between these two traits also supports the hypothesis of independent genetic control of D 13 C and SLA (Table 3) . Some studies have reported a moderate to strong correlation between D 13 C and SLA, but the direction of the correlation was not consistent, and not all studies have mapped QTL for these traits (Chen et al., 2013; Galmes et al., 2011; Thumma et al., 2001; Wright et al., 1994) . Chen et al. (2013) observed negative correlations ranging from −0.81 to −0.57 between D 13 C and SLA in various peanut lines grown in different environments, while Wright et al. (1994) obtained a positive correlation of 0.81 for a set of peanut genotypes that differed from those studied by Chen et al. These results suggest that the relationship between SLA and D 13 C is both genotype-and population-specific, and likely also environment-specific. Thumma et al. (2001) mapped QTL for several water stress tolerance-related traits including direct measurements of transpiration efficiency, D 13 C, SDW, and SLA in the legume Stylosanthes scabra. The authors found that QTL for transpiration efficiency and D 13 C were clustered on the same linkage groups, as were QTL for SDW and SLA. In different cultivars of S. lycopersicum with delayed fruit deterioration-phenotypes evaluated in the field under water deficit conditions, Galmes et al. (2011) measured leaf mass per total leaf area and carbon discrimination via d 13 C (a trait related to D 13 C but with an opposite relationship to WUE, i.e., higher d 13 C implies greater WUE; Farquhar and Richards, 1984; Vadez et al., 2014) . Galmes et al. (2011) did not directly compare d 13 C and leaf mass per area, but reported that both d 13 C and leaf mass per area had negative correlations with fruit production (−0.68 and −0.49, respectively), d
13 C was positively correlated with intrinsic water use efficiency (0.73), while leaf mass per area and intrinsic water use efficiency were negatively correlated (−0.47). Collectively, these studies in peanut, S. scabra, and tomato are consistent with the interpretation of independent genetic control of D 13 C and SLA in our sub-NILs and that the coincident QTL we observed were likely not due to pleiotropy.
Potential for Improvement of Water Stress Tolerance and Yield in Cultivated Tomato
Coincident QTL were identified for all seven primary traits in the marker interval H14-T0532, and coincident QTL for D 13 C and TYLD in marker interval T1670-H358 ( Fig. 2 ; Supplemental Table S1 ) (Lounsbery et al., 2016) . The genetic relationship among traits controlled by coincident or overlapping QTL may be complex (Mackay et al., 2009; Alonso-Blanco and Méndez-Vigo, 2014) . Fractionation of a QTL can occur in higher resolution mapping studies due to multiple QTL of small phenotypic effect that are closely linked but were not detected in initial global mapping studies (Mackay et al., 2009) . QTL fractionation has been reported in both tomato and maize (Haggard et al., 2013; Haggard et al., 2015; Johnson et al., 2012; Studer and Doebley, 2011) . Larger effect QTL may sometimes fractionate into multiple smaller effect QTL with both positive and negative phenotypic effects (Haggard et al., 2013; Haggard et al., 2015; Mackay et al., 2009 ). Alternatively, coincident QTL for different traits may suggest tight linkage and/or pleiotropy (Mackay et al., 2009; AlonsoBlanco and Méndez-Vigo, 2014) . If coincident QTL result from close linkage of the gene(s) controlling each of the traits, QTL for different traits may be linked in repulsion, requiring a large segregating population to break negative linkages to obtain desirable recombinants (Haggard et al., 2013; Haggard et al., 2015; Mackay et al., 2009 ). Collectively, our results imply that the coincident QTL identified by Lounsbery et al. (2016) were the result of close linkage of gene(s) underlying QTL for the seven primary traits. However, additional genetic investigation with large numbers of recombinant progeny would be required to determine whether pleiotropy is also involved.
Targeted breeding for increased WUE of cultivated tomato while maintaining (or improving) yield would require a better understanding of the complex relationship of WUE-proxy, maturity, and yield-related traits. For traits mapped to chromosome 9, this would require higher-resolution QTL mapping with a new recombinant population that contains introgressions extending proximally towards the centromere (from marker T0532) to resolve coincident QTL and linkage relationships of QTL in the marker region H14-T0532 identified by Lounsbery et al. (2016) and shown in Figure 2 . With a sufficiently large mapping population, tight linkages among QTL for traits of interest in this region may be broken via recombination, generating lines that may be potentially useful in breeding (Collard et al., 2005; Haggard et al., 2013; Mackay et al., 2009 ). Once such lines are developed, a breeding strategy to improve WUE in parallel with yield may be feasible.
Although breeding for increased WUE and water stress tolerance in crops is desirable, it is also prudent to select for efficient photosynthate allocation to maximize fruit yield and quality. Plant sensitivity to water stress varies at different developmental stages, with reproductive stages such as anthesis, pollination, and grain and/or fruit development being the most sensitive (Cattivelli et al., 2008; Vadez et al., 2014) . Greater WUE (i.e., less water use) before reproduction allows more water to remain in the soil profile for availability later in the season when plants are most susceptible to water stress. Ratnakumar et al. (2009) found that higher pod yield in peanuts was related to higher water extraction from the soil profile during the grain filling period. Studies of pearl millet and chickpea found that genotypes with lower water use before anthesis had higher grain yields because more water was available in the soil profile during reproduction and grain-filling (Vadez et al., 2013; Zaman-Allah et al., 2011) . In experiments which used irrigation cut-off initiated at different stages of reproduction, both Vadez et al. (2013) and Zaman-Allah et al. (2011) found that both high-and low-yielding lines used the same total amount of water throughout the growing season, but high-yielding lines used less water before anthesis and grain-filling and more water after anthesis and during grain-filling. Both irrigation cut-off and deficit irrigation impose slow-onset water stress conditions that do not provide sufficient water for normal growth and reproduction. Therefore, it may be necessary to increase WUE in a developmentally-specific manner so that biomass accumulation resulting from more efficient transpiration leads to higher fruit yield but not greater shoot biomass (Vadez et al., 2014) . In addition to increasing crop WUE, combining crop improvements through breeding with irrigation management that pays specific attention to developmentally crucial stages would be beneficial.
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